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Abstract

In order to train a classifier that generalizes well, différiearning problems, in particu-
lar high-dimensional ones such as text classification, egnire widely different amounts of
training, as measured in terms of the number of trainingamss required to reach adequate
accuracy or the number of features effectively utilizedhia tlassifier. We define several mea-
sures of learning difficulty and explore their utility in apgimately capturing the inherent
complexity of text classification problems. These measuegsbe efficiently computed for
real-world problems for which linear classifiers are effgxt\We observe an intimate relation-
ship (a high positive correlation) between feature comipleand instance complexity when
using the measures.

Such measures of difficulty are useful for comparing legrmproblems and corpora, and
gaining insight into the variable success of methods sudcttage learning. In particular, we
quantify the difficulty of 358 text classification problemsda9 corpora using the proposed
measures, including those popularly used for benchmatkiagerformance of text classifica-
tion algorithms, such as the Reuters and 20 Newsgroupsreordée demonstrate the spectrum
of problems that exist in text classification in addition t@qtifying results that have only been
qualitatively discussed in the text classification literat We observe that many problems in
the commonly used data sets are of low to medium complexigy, is, only roughly tens of
well-selected features are required to gain most of the maxi attained performance on such
concepts, when using linear classifiers. We find that legrfinsuch types of problems espe-
cially stands to benefit from incorporating feature feed@cior knowledge on features) into
active learning techniques.



1 Introduction

During our work in text classification we have observed tlahe tasks are considerably more
complex than others. For a relatively simple task, a clasdifiat checks for only a few features
may effectively classify all documents. An example of a demask is that of classifyingvheat
documents in the Reuters corpus [2]. Boolean expressi@isdm classify avheatdocument in
the Reuters corpus are shown in Table 1. In fact for this jaskchecking for the occurrence of the
termwheatin the document gives a high level of accuracy. Other tagksexxample classifying
documents by genre, are not as simple and the resulting ssipns for classification involve a
large number of features.

wheat& farm —  WHEAT
wheat& commodity — WHEAT
bushels% export —  WHEAT
wheat& agriculture — WHEAT
wheat& tonnes —  WHEAT
wheat& farm&—-soft — WHEAT

Table 1: Induced rule set using the CONSTRUE system for caitagg wheatdocuments in the
Reuters data set. The induced rules result in 99% accuracy.

One view of concept complexity or difficulty can be assodatgth thevalueof the maximum
achievable accuracy; that is, a concept that cannot bedddona desired degree of accuracy may
be considered to be a difficult one. Studying difficulty fromat perspective is important in itself,
but is not the goal of this work. In this work, we restrict celkges to concepts that we know are ul-
timately adequately learnable by the chosen algorithmfimcase, robust algorithms for learning
linear classifiers) and ask how quickly they can be learnethis regard, our work can be viewed
as an empirical analogue of much work in theoretical macl@aming in which thesample com-
plexity of learning of a concept class under consideration is stufie26]. In such work, the
assumption is often that the class of concepts in questintaot a target concept (or concepts)
that performs well, and one major question is on the numbersténces needed, asymptotically,
to learn (a sufficient approximation of) the target concéiiere, we explore definitions areim-
pirically computedapproximations for instance as well as feature complexitieor many text
classification tasks, it has been found that robust linesssifiers such as support vector machines
(SVMs) work quite well [25, 17, 59, 62, 33], given that it igigally possible to utilize a fairly
large feature space. We use this finding and focus on linaeasiier learning methods in explor-
ing problem difficulty. The proposed measures approxinteeetnpirical difficulty of concepts in
commonly used data sets, illustrating the spectrum of prablthat exist in text classification. We
find that concepts that can be learned using fewer examptesecdescribed by a few well chosen
features, and vice versa.



Given a (linear classifier) learning algorithm, a set of tiees and a concept, there is some
maximum achievable measure of categorization accuracy00%) that the learner can achieve
in the limit. For example, even if the data is not exactly éirflg separable, a linear SVM may
be able to achieve some fairly reasonable and acceptahleaagdoften in the order of 90% for
many text categorization problems) with adequate traimlata. Given such a set of concepts
that are “almost linearly separable”, that is “learnablg’@drobust method such as a linear SVM,
we ask “how many features” are sufficient to obtain nearly imaxn achievable accuracy. Our
(theoretically idealfeature complexitgcores are based on the size of the minimum set of features
sufficient for achieving a desired accuracy level. In thsegall the training instances are available
(except for test instances). Likewise, anstance complexitgcores are based on the minimum
size set of instances needed for achieving a desired agclenaa, where all the features of the
problem are available to the learner. The idealized measowelve subset selection, and their
exact computation is practically very expensive or simpliyactable. Instead, we aim to only
approximately capture the inherent sample-size and feaiue complexities of problems, and we
provide evidence for their usefulness.

Our instance complexity measures are designed to capeireithimum number of training ex-
amples needed to attain nearly maximum achievable accbyaihe learner, when all the features
are available. Thus, the training examples need not betedlatrandom; they can be intelligently
picked. We utilize active learning for instance selectidnproblem for which training on a few
well-picked instances is sufficient to arrive at the maximachievable accuracy is a low instance
complexity problem. Analogous to instance complexity, vedirte feature complexity with the
goal of (approximately) capturing the minimum number oélhgently picked features needed to
achieve nearly maximum possible accuracy, when ampleanigainstances are available. If a con-
cept can be described by a weighted combination of a few seddleted features, it is considered
to be of low feature complexity. Very importantly, we takgéwithms of the feature set size and
instance set size in measuring complexity, as we explaiantphasize relative differences and to
lower dependencies on the particular choices of instanddeature selection methods.

We note that our measures can be interpretedpger estimatesf complexity, since it is
impractical to test all instance and feature selectionrélyms. No feature selection or active
learning algorithm is universally the best. Due to the Iswf the specific algorithms that we use,
it is likely that for many of the problems that we test, one céain lower feature or instance
complexity scores by using other algorithms, in particéitarreaching a specific accuracy target
(e.g, 90% F1 score). However, upper estimates can still be ysefpécially when one uses readily
available and commonly used efficient methods, such aspteoceearning. For example, one can
still make sound observations or statements such as, “mggrienental learning problems are
relatively easy”, in that it is observed that many such peoid require relatively few well-selected
features (eg tens of features) or instances (and one canerpkeit which methods were used to
obtain the scores, as we do). In our experiments, we coman@lexity scores obtained using
a few different learning algorithms and instance-selectiethods, but our experiments are not
exhaustive.



In obtaining the proposed complexity scores of specifialieg problems, we have made cer-
tain approximations and, furthermore, the measures aagvele.g, to the methods and features
used). This is not unlike the setting of the asymptotic asialgf algorithms, wherein one uses the
big-O notation and additive and multiplicative constamtswasually ignored, and an assumption is
made of the type of the problem instances encountered, suitle avorst-case assumption. While
such measures are not perfect and their use results in seameflprecision, they provide an ab-
straction that has found ample utility in comparing probdeand algorithms, and in designing new
algorithms. We provide some evidence for the utility of theasures we propose and explore, that
we summarize below.

We study the relationship between the measures in textiftas®n, a domain of high dimen-
sionality with many relevant and irrelevant features. W timat instance complexity and feature
complexity are highly positively correlated and yield danirankings of problems and corpora
(Section 5.1). This observation is consistent with theitin that problems requiring large num-
bers of instances tend to require large numbers of featanesyice versa. If a problem requires a
large number of instances for robust linear learning atgors, it is likely the case that appropriate
weights for a relatively large number of features need todtenatedt Conversely, if for good
accuracy, computing appropriate weights for a sizable raxnob features is required, then the
number of learning instances required, to identify sucluies and compute and validate a good
weighting, would be relatively high. The high positive agation also provides evidence that the
proposed measures indeed (approximately) capture theeimthizature and instance complexity
of a problem.

We benchmark 9 corpora and 358 text classification problemthéir difficulty (Table 3), and
analyze and discuss the reasons for the differences in esutypin several cases. Such knowledge
can aid researchers and practitioners in assessing theiteasning problems or in the selection
of commonly used test data sets, and in anticipating legrparformance. We find that many
categorization problems are in the low to mid range compjethiat is, the number of intelligently
picked features sufficient to obtain most of the accuracyerms of precision and recall, is in
the tens. Such findings can help us develop a perspectiveeodifficulty of text classification
problems that tend to be encountered in practice.

We began this work by asking why prior knowledge on featuras more useful in accelerat-
ing (plain active) learning for certain problems than oghé5, 45, 58, 52, 44], and we considered
whether there would be aspects of a problem that could exptatorrelate well with the improve-
ment from using feature knowledge. In Section 6 we descrieve use these measures to obtain
insights into the kinds of text classification problems fdrigh feature knowledge/feedback (in ad-
dition to document feedback) is especially useful. In pattr, we find that problems with low to
medium feature complexity stand to benefit most from feateeelback, and it is encouraging to

l0ther factors affect the complexity, in particular the pyepd complexity scores, as well. For instance, the
total number of features available also affects the corarerg rates or sample complexity of various linear classifier
learning algorithms. We demonstrate only relatively higkipive correlations.



see that many experimental problems fall in this range €rdldnd Figure 8).
In summary, in this paper we

¢ define a set of efficiently computable empirical measure®ofaiexity of linear classifica-
tion problems, and discuss the challenges in defining sugirial measures

e use these measures to understand the relationship beteagenef and instance complexity
in linear text classification problems

e obtain insights on the range and the spread in difficulty oious problems in the available
data sets, according to the proposed measures

¢ help identify problems for which interactive learning argkwf feature prior knowledge are
especially useful, and identify problems for which demaoatstg an improvement in active
learning performance is especially valuable

This paper is organized as follows. We describe the datars&sction 2. We describe the
complexity measures in Section 3 and the methods that weousstantiate the measures in Sec-
tion 4. Section 5 presents a variety of experiments on etialyithe measures as well as assessing
the difficulty of problems and corpora utilizing those maasu Section 6 presents experiments
relating problem complexity to success of active trainintpvieature feedback. Section 7 presents
related work and includes a discussion of other candidateptexity measures and complexity
factors. Section 8 concludes.

2 Data

As mentioned in the previous section we specifically focugex classification problems. We
consider 9 corpora and 358 binary classification problemshasvn in Table 2. Most corpora
have topic-based category labels, except for three: (1Ytipec Detection and Tracking corpus
that contains classes based on events, (2) the British iNdt@orpus (BNC) where the classes
are based on genre, and (3) the documents in the Enron cevpich are emails categorized into
folders by the recipient of the email. In computing compigXor the Reuters-RCV1 corpus we
only used the 23149 training documents for efficiency res$am).

For all data sets we used unigram features. For some of thefartieer added n-grams of
features if these n-grams improved performance. All wondthe text were stemmed, and stop-
words were removed using the rainbow toolkit [39]. Since weeiaterested only in measuring the
difficulty of “learnable concepts”, we considered only tagsoblems for which there was ample
training data to achieve an acceptable level of performéofcabove 75% Maximum F1) using a
linear SVM (see Section 4.4 on measuring accuracy). Thedstnn in Table 2 lists the average
maximum F'1 obtained using a linear classifier and bag-of-words feattna@ned on a random
sample comprising 90% of the data and tested on the remaining

5



Corpus | Domain | M| N | # topics | MaxF1 |

Reuters-21578 News-wire 9410| 33378 10 0.874
[30]

RCV1 News-wire 23149 | 47236 87| 0.759
[31]

Topic Detection and News-wire 67111| 85436 10 0.918
Tracking (TDT) [1] and broadcast

British National Corpus| News, journals, 2642 | 233288 15 0.774
[8] etc.

Enron [4] E-mail folders 1971 | 711815 8 0.887
20 Newsgroups [29] Newsgroup postings| 19976 | 137728 20 0.851
Industry Sector Corporate web pages 9565| 69297 104 | 0.909
[38]

TechTC-100 ODP hierarchy 149 | 18073 100| 0.972
[14]

WebKB [12] University websites | 2101| 28682 4 0.918

Table 2: For all corpora, except TechTC-100, each learniaglpm (topic or category learning) is
a single one-versus-rest binary classification problene. TdthTC-100 dataset consists of 100 bi-
nary classification problems with about 149 documents ih €aloout 50-50 split), and an average
of 18073 features in eacld/ is the total number of instances andis the total number of features
in the corpus.

Some data sets have multiple versions and we have seleatibdet ®f the classes or instances
for some of the data sets. It is important that our resultsrimerstood within this relative con-
text. For instance, researchers have used several verfi®®uters-21578, and we are using the
version confined to the top 10 most frequent categories. Biddr a detailed description of the
versions We also comment that our complexity measures are most aggi@for those classes
with relatively large numbers of positive examples (ati@ashe order of tens), so that test set ac-
curacy can be measured effectively, and that we may have sgasen to expect that the accuracy
performance has somewhat stabilized.

3 Measures of complexity

We now describe six measures of complexity — three measimstgnce complexity and three
measuring feature complexity. Given a "learnable concéptan "almost linearly separable con-

2With labeled documents for other roughly 80 categoriesptiiaber of instances grows to almost 13000 instead
of our roughly 10000.



cept”) with M labeled examples from which to estimate complexity, eaphesented as arv
dimensional vector, our complexity measures quantify iffedlty of learning by measuring how
many of the)M instances andV features are really required to learn a good classifier.

Our instantiation of these instance complexity measuteswyts to captureoughlyhow many
of the best (most informative) instances for a given prob&mneeded in order to achieve per-
formance close to that of a linear classifier that has acceall the features and ample training
examples. In computing instance complexity we use actamnlag (selective sampling) methods.
Because such methods do not necessarily find the minimaf sequired instances, we obtain an
empirical overestimate on the ideal instance complexibye fightness of the estimate is dependent
on the active learning method used. The measure is an oveadstwith respect to achieving the
desiredfixedaccuracy. The number of required instances can increabe diésired accuracy is
raised. Similarly, our feature complexity measures giantiughly how many of the most infor-
mative features are needed to achieve close to the bestagaeachable by the chosen classifier.
Our feature complexity measures are also overestimatdseanue feature complexity, where the
tightness of the estimate is dependent on the feature melenethod used.

In measuring performance and complexity, we use a logarttoale €.g, log of the number
of instances). The log scale captures the desired progeatythe difference between a pair of
problems that respectively require 50 and 100 instancesifrest accuracy is more intense than
between two problems requiring 1000 and 1050 instaficé® would like to say, for example,
that two problems that have about 9 and 10 instance comiggXit;) are somewhat similar in
difficulty, while a problem with instance complexity of 6 igynificantly easier. We discuss the
approximate and relative nature of the proposed measum@sgihout the paper (and see Section
7).

3.1 Instance Complexity Measures

Given a classification algorithm and a binary classificagwablem, there is some maximum
achievable performance often under 100% in practice (TApleAs a measure of accuracy we
use the (max) F1 score, which is the harmonic mean of precaid recall [56, 53] (and see Sec-
tion 4.4). We denote by'1(p, ¢) the maximum accuracy (in particular MaxF1 score on test,data
see Section 4.4) achieved by the learner when it has accdss best set gf instances, from the
training set, and the best setgpfeatures fe., the maximum is taken over all possible sets of cer-
tain sizep andqg), p < M andq < N. We assume that the near best performance is achieved when
the learner has access to all the available instances anddsd'1()M, V), and not for example

a subset of the features. This assumption is a mild one inetting: as will be seen, we will

use only the approximate maximum accuracy that is emplyieahieved using the learner, and

30f course, the complexities could be measured for achiexéfagively low accuraciese(g, 50%) as well. The
basic task is computing the resource requirements (instamicfeatures) needed to achieve some performance level of
interest.

4Akin to the Richter scale: an earthquake of magnitude 6 isifsigintly more intense than one of magnitude 5.
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we need only an approximate number of instances to achi&vadhuracy. Furthermore, for text
classification problems, and in general linear classificairoblems, when one uses robust learn-
ers such as SVMs together with appropriate regularizatiod, where there is sufficient training
data, the poor effects of many correlated, redundant, @yrfeatures are somewhat ameliorated
[35, 36, 25, 18, 47]. We further discuss this aspect in rdlaterk (Section 7), in the context of
feature selection.

In measuring the rate of learning we want to measure the nuimmumber of training ex-
amples {) needed to achieve the best performance for a given classitie brute-force way to
find this minimum for a data set with/ examples would involve training the classifier for every
possible subset of training examples, thap{$,times. This is prohibitive for most/. Instead we
use active learning to give us an ordering on the instana&s@mpute an overestimate grusing
this ordering to pick a subset, as we explain next.

Our active learning regime begins with 2 randomly seleatsthinces, one in the positive and
one in the negative class (a positive and a negative instambe active learner learns a classifier
based on this information and then intelligently choosesxt instance from pool of unlabeled
examples for the expert to label. The classifier is retraar@tithe process continues. We measure
the performancef’1(2!, N), of the classifier, estimated on the held-out set, afterye¥dterations
of active learning witht varying asl, 2, ..., log, M, where M is the total number of instances
available for training. A performance curve for three pesbt in the 20 Newsgroups data set [29]
is shown in Figure 1. In this data set, the classes have nis@lyame number of positive instances
(1000 or near 1000 per class). For the conceptgaphicsand ms-windows.mische learner
achieves the maximum attainable accuracy (0.70 F1) afeéng@bout 20482!!) examples. The
value 2048 can be considered to be an overestimate &or sci.crypt the learner achieves its
peak after seeing about 1024 examples, making it a somewkggreconcept (by our definition
of complexity) than the other two. Each instance is choseh thie expectation that adding it to
the training set will improve accuracy significantly. Sirateeach stage we are adding an example
based on an estimate of its value to the training set, the Exitypmeasure is approximate. We can
tighten the estimate by providing the learning algorithrthvéis much information as possible: for
example, a large pool may help. The advantage of using detwvaing is that the classifier needs
to be trained onlyO (M) times. How close this estimated complexity is to the true plexity is
dependent on the ability of the learner to leave out redunidatances in its training.

A keen observer will note that the rate at which the perforteamproves of thens-windows.misc
is initially higher than that otomp.graphics It seems intuitive thamns-windows.misshould be
considered to be less complex th@mp.graphicsOur first approximation of the minimum num-
ber of instances does not capture this aspect of learning.fadter in the learning profile by

SRegularization can be viewed as effectively a soft methodeature subset selection.§, see [41] on L1 regu-
larization.).
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Figure 1: Learning curves for a single classifier on threélemms. The number of actively picked
instances i€, and F1 (Y-axis) is the harmonic mean of precision and recall

considering the area under the learning curve computed as

loga M

AUCjpg = > F1(2\,N)
t=1

We measure performance at exponentially increasing iatgrand compute the area under the
learning curve, plotted with a logarithmic X-axis. A% implicitly gives a higher score to prob-
lems that converge more rapidly in the early stage of legrthan later. To obtain a quantity that
measures the profile of learning, we define élaéve learning convergence profie follows:

_ MR N)
Pal = 150,0 x F1(M, N)

(1)

pg| is the area under the normalized active learning curve (8ged-2(a)), with a range between 0
and 1 and is independent of the number of instances neediifaing. Highepg, implies faster
convergence. They) values for the three problems in Figure ins-windows.miscomp.graphics
andsci.cryptare 0.61, 0.45 and 0.55, respectively. Note that even ththegmaximum accuracy
achieved forsci.cryptis much higher (0.90 F1) than for the other two problems, #te of active
learning ofsci.cryptis more similar tacomp.graphicsThe concepins-windows.mishkas the best
rate of learning in the early stages. All these propertiescaptured by theg,, values.



We now describe the instance complexity measures develagiag the approximations to
andp,;. For all measures, a higher value of complexity implies agnbificult problem.

1. Instance size complexityn;) is the logarithm (base) of the number of instances needed
to achieve 95% of the best performance (when all features\aiable). We expect that, given
a desired accuracy level is determined (in our case, 95%marireachable accuracy), the em-
pirically computedr; is an over estimate olog, (i) and the tightness of it depends on the active
learning algorithm. We chose a threshold of 95%, rather thaming for the curve to reach its
peak, with the hope of capturing the point where most of thecept is learned. It is easier to
check for an accuracy threshold near but below the maximwuracy. Furthermore, the rate of
improvement at the final stages of learning, before the quirisdully learned, can be very slow
[42] with possibly several thousand instances contrilgutina tiny improvement in performance,
unnecessarily inflating the complexity score (See Figuag)2(

2. Instance profile complexity(/,.) is given asl,. = 1 — pg), and we have) < I,. < 1.
The active learning curve and hence the valug,pbbtained is again subject to the active learning
algorithm and will be less than the ideal case (theoretieat bubset of instances). Therefdse
is an overestimate on the true profile complexity.

3. Combined instance complexity(C; = I,. * n;) is the product of/,. andn,. n; is an
approximation oflog, (i), but does not include the rate of learning,. includes only the rate of
learning and does not contain information about the numbiestances needed to achieve the best
performance(;, a measure that is a fraction of, incorporates both the learning profile and the
sample size required.

0.1 o VOGRS

(a) Active Learning (b) Feature Learning

Figure 2: Normalized learning curves (active learning agature learning) for 20 Newsgroups.

3.2 Feature Complexity Measures

Our feature complexity measures mirror our instance coxitgleneasures, and are designed to
capture the complexity of the problem in terms of the numliéeatures needed to reach the best
possible performance, when all the training instances \a#able. Again, instead of evaluating
2NV combinations of features, we estimate an approximatiornefttue feature complexity by
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an intelligent ranking of the features in the order of desigg discriminative ability for a given
classification problem. The ranking procedure uses a langeber of training documents and a
feature selection criterion, such as the information gaéj.[ We consider the performance of the
classifier constructed usingtop-ranking features. We plot a feature learning curve ojtiolg
performance at exponentially increasing intervals:ofThe normalized area under this feature
learning curvethe feature learning convergence profitey; is computed as follows:

o — 0N (M, 21) )
= Toga N x F1(M, N)

Normalized feature learning curves for the 20 Newsgrouppuare shown in Figure 2(b).
Our feature complexity measures are

1. Feature size complexity(n,) is the logarithm (basg) of the number of features needed to
achieve 95% of the best performance (when all instancesvaiable).

2. Feature profile complexity (F,.) is defined asF},. = 1 — pyg, thus0 < F,, < 1. The
computed value of,. is limited by the accuracy of the feature selection alganith

3. Combined Feature complexity(Cy) is a measure similar t@’;, and is defined a6’y =
F,. *ny. How good the estimate of the true feature complexity olethiis way is dependent on
the feature selection algorithm used.

4 Methods

We first describe the two linear classifiers of choice: perogs and support vector machines. We
then describe our choice of active learning methods, falbwy our choice of feature selection
techniques.

4.1 Classifiers

A linear classifier, learned via a robust learning methodisisally sufficient for best accuracy in
text classification (compared to other existing methodgirt due to the very high dimensionality
of text. A simple algorithm for a linear classifier is the nais¢-drivenPerceptron algorithm [48].
The perceptron learns a linear function of the fofiX;) = w - X; + b. It is a mistake-driven,
incremental algorithm: when a new training example is adteelweight vector is adjusted only
if it is misclassified. Therefore, the classifier needs torbméd less than (or equal t{i | times,
where7 is the training set. The correction to the weight vector isnapte adjustment of the
form w; = w; + nY;X;, for every instanceX; that is misclassified.Y; is the true label ofX;
(Y; € {+1,—1}). The parametey is called the learning rate.

SVMs are learning techniques that have gained much popul[&fd], particularly so for text
classification [25, 53]. For many linearly separable protdehere can be more than one hyper-
plane that separates the data (see Figure 3(a)). An SVM oothiee hand, is a maximum margin
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(a) Linear Classifier (b) Maximum Margin Classifier

Figure 3: Linear classifiers.

classifier that tries to find the hyperplane that results inaximal separation of the two classes
(See Figure 3(b)). The margin is the distance between thitiy@oexample closest to the hy-
perplane and the negative example closest to the hyperphatiethe distance being measured
along a line perpendicular to the hyperplane. Although tlodiva for a margin that is maximal
seems intuitive, it is also well motivated by the Vapnik-@lomenkis theory stating that such a
hyperplane lowers expected test error [57]. Support vetiachines have been observed to be
effective in many domains, and especially so for text cfasdion and filtering [25, 9]. We use a
regularization parameter af = 1 in our experiments.

4.2 Instance Selection

Any method for instance selection, such as random or unogrtaampling (to be described),
yields a sequence of instance subsets, growing in size hvaliows us to compute the instance
complexity measures as described in Section 3.1.

One method for instance selectionuscertainty sampling [32]. Uncertainty sampling is a
simple, efficient, and commonly used type of active learnmghich the example that the user
(teacher) is queried on is the unlabeled instance that #ssifier is least confident about. When
the classifier is an SVM, unlabeled instances closest to @rgimare chosen as queries [54]. If
an uncertain instance lies exactly on the hyperplane ititsesua reduction of the version space
in exactly half [54]. If we can keep querying the user on ex®phat lie on the hyperplane we
can decrease the number of training examples exponer{tigeducing the version space by half
with each query) when compared to the case when the trairatayisl obtained through random
sampling. In reality, there may not be an example exactlyhenhyperplane at each round of
active learning. Or the problem may not be linearly separabld there can be label noised,
mislabeled instances or outliers). Hence we do not see #wdtical exponential decrease, and
different active learning methods perform differently offedent problems.

One particular problem is that in many practical cases, thstige training instances are a
tiny fraction of the whole population of instances, and tthesactive learner may have difficulty
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finding good near boundary instances (wherein a considepastion of such instances need to be
positive). In such cases, one prerequisite is that the pool fvhich the instances are examined
and selected, in each active learning iteration, shouldiffie®ntly large, so that, with high prob-
ability, the pool would contain at least several positiv@@mces as well as negative instances near
boundary (.e., basically useful instances).

Another aspect that affects the complexity scores is thelaf active learning (selective sam-
pling) method. Some selective samplers may be better tharin certain cases. For instance,
when there is class noise, uncertainty sampling may focumutier and uninformative instances,
and thus waste learning resources. We briefly discuss thadiedn active learning next.

For many text classification problems, uncertainty sangpltias been observed to be signifi-
cantly better than random sampling in accelerating lear®2, 54]. While many variations of
selective sampling have been explored, for instance lespimgelection policies or using several
active learners in tandem [34, 51, 54, 3], uncertainty sargmarries the advantages of simplicity
and efficiency. Since uncertainty sampling is not ideal f@rg problem, we expect to obtain over
estimates for our instance-based complexity measures tRat since we take logarithms of the
needed sample size, a superior method needs to beat unges@mnpling by powers of 2 (in the
ratio of sample sizes needed to reach near best performmgld an additive difference of 1
unit or more in the proposed estimate. Different choicesctia learners can yield a significant
relative size reduction on some problems, especially eatlye training,.e., in achieving a good
fraction of the maximum accuracy, say un@éts. Such differences can be important in practice.
However, the relative performance compared to uncertaiatypling becomes closer as the accu-
racies reach say0% of the maximum. See, for instance, the comparison plots awdisksions for
text classification [54, 51]. Thus, we expected that for tingt study in the text classification do-
main, and with our rough measures of complexity, unceigaampling is adequate for our goals
of measuring correlations among complexity measures reingerough rankings of and trends in
the difficulty of problems and data sets or domains. We withpare uncertainty sampling and
random sampling, as subset selection methods, in our expets.

Using uncertainty sampling with SVMs would involve retriaig the SVMO (M) times, which
can be very time consuming as SVM training can involve quadogptimization. Therefore, when
we use SVM uncertainty sampling to compuig, we plot the learning curve only up to 1024
instances. To plot the complete active learning curve weaumeother learning methoda-com-
mittee of perceptrons(e.g, [13]). The perceptron algorithm, being mistake-drived amnline,
takes less time than the SVM in each retraining, and pemmemgommittees, that we employ, can
enjoy competitive accuracy performaneed, [10, 37]). Of course, active learning using percep-
trons may not be as effective as SVM uncertainty sampling imngharticular, the numbers that we
obtain using different methods can be somewhat differemwéver, we find that the ranking of
the problems by their complexity computed using the peroaptommittee is almost identical to
the ranking obtained using SVM uncertainty sampling on tatadets (refer to Figure 7).

13



4.3 Feature Selection

Any method for feature subset selection or feature ordesngh as information gain [40, 56],
can yield a sequence of feature subsets, growing in sizes dlluws us to compute the feature
complexity measures as described in Section 3.2.

Information gain is a simple, efficient, and commonly usedsuee in text classification for
ranking features. It has been found to be quite effectiveractical problems [46, 53, 18, 7].
Information gain is given as

Ple,
IG= > ZP(C,T)IOg%

ce{-1,+1} re{0,1}

wherec denotes the class label (+1 or -1), an 0 or 1 indicating the presence or absence of a
feature, respectively.

Information gain is our primary feature selection methodwidver, information gain does not
ignore redundant features, and more generally it does miveasd feature dependencies (a feature’s
quality is computed independent of others). For instamagine that every important feature is
replicated multiple times. Once one useful feature is $eteéts copies become fully useless, but
information gain would lead to picking all such featuresmiar to the scenario with instance
selection, this shortcoming can inflate our feature compjlescores. So we also experimented
with SVM LARS [27], a forward selection technique when SVM learning isdusé forward
selection technique is one wherein after each selectiomlmk of selections), the remaining
features are re-evaluated and re-ordered. Given that foisnerd selection technique, LARS can
skip redundant features in its feature selection, somgihfiormation gain does not do. Therefore,
we expect that LARS would capture the true feature compjdoatter. However, SVM LARS has
a relatively high running time and we use it only in a limitedy\by computingy by plotting the
feature learning curve until the number of selected featgeds tol024 features. When we use
information gain we are able to plot the entire learning eurv

Forward selection is a wrapper-based method [28]. It is pssible to use more costly ver-
sions of wrapper-based methods, involving, for instan@metic search. In high-dimensional
problems such as text, filtering method®. simple ordering based on a certain criterion like
information gain, are preferred because of their efficiéfiég, 18].

4.4 Computing Accuracy Performance

Each time we computé&'1(2¢, 2%) in equations 1 and 2, our aim is to find the best possible per-
formance with a classifier trained @ examples and” features. We hope that by using active

8In a wrapper-based method, there is also an increased daihgegrfitting or diminishing returns in terms of the
generalization accuracy, if a large number of feature dabsexamined, and when the number of instances (relative
to the number of features) is not sufficiently large.
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learning with a large pool, and feature selection using geldraining set, we obtain a fairly ac-
curate estimate of this best classifier. The better theatdarning and feature selection methods,
the closer the estimate. Our experience with SVMs showedhiitiafew training examples, much
of the error is in a poor estimation of the threshaldOther studies report similar observations
(e.g, [61]). This also tends to be a problem with minority clasddence, to obtain a better and
more estimate, we sweep through all values ahd use thai for which theF; is maximum on the
held-out set. We call the maximum F1 achieWddxF1. In fact in Table 2, the last column lists
the MaxF1 values obtained with 90-10 training-test splitdhe corpus. The complexity scores on
various data sets are based on averaging the MaxF1 scones@vandom 90-10 splits of each
data set. That is, for each data set, and at each appropr&sece set or feature set sizan
equations 1 or 2), the MaxF1 score (on the held-out) is aegfayer the 10 trials. Complexity
scores such ag,. andn are then computed. Note that thé)o held-out set in each trial is never
used for instance selection or training.

0.8 T T
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TDT3
Tech100
WebKB
Industry
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Fpc using SVM-LARS
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0.1 0.2
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Figure 4: Correlation betweeh), and F,. using SVM and LARS. Correlation of instance com-
plexity and feature complexity is independent of methodsius compute the two.

5 Results

In this section and the next, we explore the utility of our sweas. We describe the results of using
our complexity measures on the 358 problems described ile Pab
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5.1 Correlation of Instance Complexity and Feature Compleiy

Intuitively, good instance and feature complexity measwt@ould correlate well: a problem that
requires a large number of instances, tends to require firtthie right mix of weights for a rela-
tively large number of features, and vice versa. This ifduaits related to theoretical results on the
convergence (number of mistakes) of certain feature-efftanline algorithms, such as Winnow.
For Winnow, the number of mistakes during convergence toaa diyperplane is directly depen-
dent on the number of relevant features, at least for legmisjunctions of such features [35], and
only logarithmically dependent on the total number of feasu On the other hand, our empirical
measures are imperfect: both uncertainty sampling andrieatdering by information gain, while
relatively efficient, have a number of shortcomings. Theesadso other factors, such as the total
number of features, that will affect complexity. Therefore would like to find out the extent of
the correlation that exists on actual problems (if any).

Figure 4 illustrates thaf,. and F,,. of problems, computed using SVM uncertainty sampling
and LARS are highly correlated & 0.95).” The plots ofl,,. vs. F,. computed using perceptron
committees and information gain look similar, albeit witsleghtly lower correlation coefficient
(r = 0.81 (p < 2.2¢71%)). The SVM methods show higher correlation, probably beeahey have
the same underlying SVM learning, and SVM LARS does a betteof feature ordering for the
SVM learner than information gain does for perceptron. Addally, n; andn; (computed using
perceptron committees and information gain) are strongtyetated ¢ = 0.613 (p < 2.2¢716))
and therefor&; andC'; are also strongly correlated € 0.682 (p < 2.2e7'9)).

We also experimented with random sampling for instancetele The table below shows the
correlation coefficients for,. and F,. for various combinations of classifiers, instance selectio
mechanisms, and feature selection mechanisms for thespérao

classifier | Feature Sel| Instance Sel| r
SVM LARS Active 0.95
SVM LARS Random | 0.88

Perceptron Info. Gain Active 0.81

Perceptron Info. Gain Random | 0.79

That instance complexity (the minimum number of instanaesded to learn a concept) and
feature complexity (the minimum number of features needdddrn a concept) are highly corre-
lated may not be surprising since both are probably relatédet Kolmogorov complexifyof the
learning problem. That the complexity measures exhibg #tfong correlation raises our confi-
dence in the utility of these measures.

’r is Pearson’s correlation coefficient, and r=1 denotesspedorrelation
8The complexity of a string is measured by the length of thertsisb universal Turing machine program that
correctly reproduces the observed data. Remember thatiflesity is only theoretical and cannot be computed.
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Corpus Instance Complexity Measures Feature Complexity Measures
Ipc n; CZ ch ny Cf
Tech100| 0.04 (0.06)| 3.24 (2.23) | 0.20(0.33)| 0.07 (0.02)| 1.89(1.43)| 0.14 (0.14)
WebKB | 0.31 (0.13)| 8.75(0.50) | 2.72 (1.04)| 0.11 (0.04)| 4.00 (2.16) | 0.51 (0.47)
Reuters| 0.35 (0.13)| 8.20(1.03)| 2.93 (1.24)| 0.12 (0.07)| 4.80(2.04) | 0.69 (0.56)
BNC | 0.39(0.16)] 7.93(1.91)| 3.34(1.73)| 0.24 (0.11)| 11.47 (3.83) 2.97 (1.60)
Enron | 0.46 (0.09)| 8.33(0.87)| 3.82(0.94)| 0.13 (0.06)| 7.67 (4.42) | 1.18 (0.70)
20NG | 0.48 (0.04)| 10.40 (0.68)| 5.04 (0.71)| 0.23 (0.08)| 10.05 (1.39)| 2.32 (0.95)
TDT3 | 0.48(0.13)] 9.30(1.06) | 4.55(1.53)| 0.20 (0.04)| 6.50(1.78)| 1.34 (0.53)
RCV1 | 0.53(0.14)| 10.67 (1.84)| 5.81 (2.25)| 0.23 (0.09)| 7.69 (2.04)| 1.81 (0.79)
Industry | 0.59 (0.12)| 10.34 (1.43)| 6.20 (1.71)| 0.29 (0.09)| 5.97 (1.52)| 1.77 (0.61)

Table 3: Difficulty measures for different corpora. The laglthe value, the more complex the
problem. Values in brackets indicate standard deviatidme domplexity is computed using the
perceptron algorithm with uncertainty sampling for ingt@arselection and information gain for
feature ordering and selection. The description of the@@argand the problems we chose from
each to compute complexities) is given in Section 2.

5.2 Difficulty of Domains and Problems

We now benchmark all 9 corpora as easy or difficult for actearting using our complexity
measures. Table 3 shows the complexity of different dat 83t all measures the Tech100 data
set ranks as the easiest, followed by WebKB and Reuters. BR¢Gters-RCV1, 20 Newsgroups
and the Industry sector corpora are difficult by both ouranse complexity and feature complexity
measures. This result is better illustrated in the chartiguie 6. This figure reaffirms the high
correlation between instance complexity and feature cerigl That most corpora have problems
of varying difficulty is demonstrated by the standard dewiaof the scores in Table 3. Eventhough
the BNC corpus is small (less than 3000 documents) it fattstime difficult end of the spectrum,
implying that genre classification is more difficult than gadb-based categorization.

The rankings of corpora using,. computed using SVM with LARS and Perceptron with
information gain are also nearly identical, as is illustthby Figure 5 (We show only a subset of the
problems to illustrate this, because of the slow runnin@tohLARS). The rankings of individual
problems in these two corpora usifg. computed using these two methods also correlate fairly
well (r=0.73). ThefF},. scores for individual problems in the Reuters-21578 and @@d9¢roups
using both methods are illustrated in Figure 7. Our reslgtssupport previous results that say that
20-Newsgroups consists of problems that are more diffibah Reuters-21578 and that problems
like wheatare much easier with lower feature complexity as compareddds, 24].

The Tech100 data set is a result of the efforts of [14] to obsailata set containing problems
of varying difficulty in terms of maximum accuracy perforncarachievable. Yet, we find that all
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Figure 5: Ranking using,. computed by two different methods results in a similar ragkof
corpora.

the problems in this data set are of low complexity, i.e.,va feell-chosen examples or features
are sufficient to achieve the optimal accuracy.

5.2.1 Number of Instances per Feature, and Learning Profiles

An interesting question is the number of useful instancatrttay be needed to reach adequate per-
formance per useful featurgon typical problems. Looking at the average feature corityién ;)

and instance complexity:{) columns in Table 3, we find that the number of training instsre-
quired,averaged per useful featufee., 2" ~"r), ranges from a handful or less to tens of instances.
The WebKB and Industry data sets rank high based on this me&su- n, > 4), while for the
BNC data setp; — ny < 0. The shortcoming of information gain ordering (its failuceignore
redundant features, see Section 4.3) may in part explarotigervation on the BNC data set.

As may be expected, the averages for instance and featurenigarofile complexities are
mostly close to or below 0.9, andF,,.), meaning that most of the gains in accuracy are obtained
relatively early in learning. Recall, however, that for qmuiting area under the curve, we use a
logarithmic x-axis (the number of instances or featuresbies). We observe that the instance
profile complexity averages tend to be higher than the feghwofile complexities: learning is
slower as a function of increasing size of training instan@ehen all the features are available)
compared to accuracy improvements when increasing sizeeofelevant features (when all the
instances are available). In fact, for half of the data shtsaverage instance profile complexities
are near 0.5 or exceed it.
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5.2.2 Dependence of Complexity on the Corpus and the Choicé Glasses

The TDT corpus consists of English newswire documents (Eag9), the output of an automatic
speech recognizer system for English broadcast sourcgsA8R), machine-translated newswire
sources (MT News), and broadcast sources in Mandarin prepsed through an automatic speech
recognition system and a machine translation system (MT)ABR measured the difficulty of
each of the subsections of this corpus. Thevalues for event-based categorization are shown in
the second column of Table 4.

Difficult

0.3

'Industry X
0.25 Reuters-RCV1]
BNC X
20NG X
Fpc
02 TDT3 X
o5 Enron
Reuters—215>7<8 X

WebKB X
01f

TechTC-100
X

0.05
0 0.1 0.2 0.3 0.4 0.5 0.6

Easy
Ipc

Figure 6: Instance Complexity,(.) and Feature Complexity{.). A higher value of complexity
indicates a difficult problem. Notice how instance comphexind feature complexity are corre-
lated.

The English subsection of the corpus is easier than the madhanslated one, which is more
noisy. For example, topic 30036Mobel Prizes Awardedr he feature complexity of this problem
in each subset is shown in the third column. The most impowands in English newswire and
English ASR are (as expecteNpbel prize Saramagdperson who won it), and so on, making
classification in English newswire (Eng News) relativelgyeadowever, in the machine-translated
output (MT News and MT ASR) the most important keywords@mmisesBell, prize andaward
The wordNobelis consistently translated fwomises Belln documents whose original source is
Mandarin® Names likeSaramagdhat are highly discriminatory in English are out of vocawl
in the machine translated documents, making the classificptoblem even harder. In addition,
a multi-source setting (newswire, broadcast and multipfgglages) can be more difficult than

%Nobel is a three-character word in Mandarin, the first of tviovbich also correspond to the English word
promisesand the third of which corresponds to the English n&ak
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Figure 7: Feature complexity].) scores of problems in the Reuters-21578 and 20 Newsgroups
corpora computed using two different methods. The higheictmplexity, the more difficult the
problem.

considering each source alone, as the vocabulary acroesesdliffers depending on the MT and
the ASR systems used.

C by class type
Subset of | Events| Nobel | Subject| Legal & Cri-
TDT3 Awarded -minal cases
Eng News | 0.65 0.27 2.03 2.56
Eng ASR 0.95 0.14 2.02 2.78
MT News 1.38 3.25 2.12 2.61
MT ASR 1.22 3.48 1.50 2.03
| Wholecorpusg 1.34 | 1.60 | 2.78 | 330 |

Table 4: Difficulty of the TDT corpus when broken down by saiand by category type.

So far we have considered categories based on events in thedmpus, andHurricane Mitch
andHurricane Georgewere different categories. The TDT corpus is also annothyedroader
subjects likenatural disasteraindelectionsthe feature complexity of which is given in the column
titled 'Subject’in Table 4. The last column shows thg values for an example topiclegal and
criminal cases The important features for classifying by subject are \gdikie court andlaw,
which do not suffer from as many ASR and MT errors, making thigcdlty of subject-based

20



classification about the same in each source type, and ewvée ihole corpus (see the Subject
column of Table 4).

We observe that Reuters-21578 comes in the range of lessl@ommgrpora and RCV1 in a
higher complexity range, even though both corpora are ceegpof Reuters news stories. The
Reuters-21578 categories come from the Construe systgpajad RCV1 categories are derived
from a rich taxonomy derived for the Reuters Business Bigef#l]. Some of the documents in
RCV1 were automatically assigned to their categories usidgscendant of the Construe system.
We found two topics that were common to both corpora, @arningsand acquisitions. Each of
these two topics had,. values of 0.09 and 0.23 in Reuters-21578 dfydvalues of 0.154 and
0.192 in RCVL1. In Reuters-215#&arningshas a rank of 3 out of the 10 topics when sorted in
increasing order of difficulty, and in RCV1 it is the 13th of.87kewise, Acquisitions is the 9th
topic in Reuters-21578 and the 51st in RCV1. &uguisitionsin Reuters-21578 is much harder
relative to the other topics than the same topic in RCV1. Tifiedlty of a topic depends not only
on the size of the corpus, but also on how "confusable” therdtibpics are with it. The hierarchy
in RCV1 may add to the complexity where nodes under the samempanay be more difficult to
separate. In addition, RCV1 has a semi-automatic labeliaggss, which may be noisier and may
add to its complexity.

5.2.3 Limitations

In summary, we note that the same corpus can exhibit diffe@mplexity levels and complexity
ranges depending on the types of classes defined on it. Mengbe "same topic”, such as "Base-
ball”, can exhibit different complexities for learning damling on the corpus or part of the corpus
in which instances are annotated for it. The differencegddn several factors, including the set
of features utilized, corpus size, number of classes defineithe corpus, and how similar those
classes are (thus how hard it is to distinguish among themj.r&nking of the corpora should be
understood to be relative to the classes we selected (fanos, RCV1 also has classification by
the type of industry, which we did not use).

We also caution that our complexities are computed witheeisio the many choices we made.
The choices include the learning algorithm, the selectarading and the feature selection pro-
cedures, the categories picked for each datd’sbe accuracy measure, and the type of features.
Changing the choices will affect the difficulty scores andgbly the rankings. Furthermore, as
the methods are imperfect, they most likely exhibit différdegrees of approximation on different
problems: on some problems or data sets, the scores mayyelese to the lowest possible com-
plexities, while on others they can be substantially off.r @nkings should be understood with
these limitations in mind (see also Section 7.1).

°For some domains, we picked fewer classes than availabiesasibed in Section 2.
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6 Implications for Human-in-the-Loop Learning

The dual nature of complexity seems to imply that an intehidy picked feature can be as good as
or better than an intelligently picked instance. This mgamgheory at least) that we can actively
learn by intelligently picking and weighting features. Qfucse, labeling features may not be
cognitively as easy as labeling instances. A human, withcgert knowledge of a category, would
be able to effectively label many instances with categdrgls(some instances such as fuzzy ones
can make labeling difficult), whereas labeling the featreish category labels or even merely
indicating their relevance) may be harder. Relevance ohtufe can depend on factors such as
the corpus and the learning algorithm used. For examplg,not easy to determine whether the
featuredriversis relevant in discriminating betweeromp.graphicsand ms-windows.miscOur
initial guess was that humans may be able to judge a few fesmfairly quickly, and that labeling
these few features would be equivalent to labeling a haradfdbcuments, but the latter would be
more time-consuming. Our preliminary experiments shovwgetthat labeling a feature is more than
five times faster than labeling an instance. We found thasusa pick the most predictive features
fairly accurately [45]. For problems of very low feature qolexity, learning may be stopped once
features are picked. For medium complexity problems, teemsy need to mark several instances
in addition to marking the features to achieve an acceptabtd of accuracy. For very complex
problems, feature selection may be much more difficult feruker, and instance feedback is the
more reasonable alternative. Hence, we think a tandem agipmaf asking on instance feedback
and feature feedback can be very beneficial: if the probleshlswv to medium complexity, a few
features that the user marks will quickly lead the classtfieconvergence; if the problem is of
high complexity, the user would not be able to recommendifeat(they may not be obvious) but
can provide feedback on instances instead. In Section 6shaw evidence for this hypothesis. In
particular, we observe that feature feedback accelerate® éearning by an amount that is highly
inversely correlated with the feature complexity of thelpemn.

6.1 Experiments

We saw that instance complexity and feature complexity\aoesides of the same coin — a prob-
lem for which a few intelligently chosen instances can beluséduild a good classifier tends to be
one for which a few good features are very good predictorsassanembership. In past work, we
have observed that users can identify the most relevanirgsatvith reasonable accuracy [45]. The
same work found that, on the problems tested, labeling feais about 5 times faster than label-
ing documents. From these results we hypothesize that ioguptelligent feature selection with
intelligent document selection should accelerate actaening. Asking users to come up with
features a priori is quite difficult. Users found it difficutt determine the relevance of a feature,
without having seen any relevant documents. Hence an eateztl approach of asking the users
to mark relevant features in tandem with documents that i@ is probably cognitively easier.
In subsequent work we have found that native English speaiarld fairly easily point out ma-
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chine translation errors of the kind discussed earlier @fisobel” was consistently erroneously
translated as "promises bell” [43]. That feedback signifigaimproved system performance.

In our previous work we built an active learning system fongitaneous document and feature
feedback and showed that this dual feedback mechanismgé@salmuch faster learning rate than
traditional uncertainty sampling using an SVM as describeS8ection 3 [45]. In our InterActive
Feature Selection algorithm, each time a document was ghisikaincertainty sampling, the user
was also asked to label 10 candidate features. The canslidate obtained by ranking the features
by their information gain scores on the current labeledvgleere the labels asked on features were
relevant (is the feature discriminatory) aron-relevant/don’t know The labeled features were
incorporated into the learning by scaling the value of tieatdre in all the instances. User feature
feedback was simulated using ‘@racle” , the details of which can be found in [43]. We found
that actual users could emulate the oracle to an extentdbalted in as much improvement as can
be achieved using the oracle.

The active learning convergence profilg measures the rate of performance improvement
or the speed of learning. We measured the speed of traditimieartainty sampling (document
feedback only) and that of the InterActive feature selecttgorithm for all 358 problems bench-
marked in this work. We measure performance only ufi'te= 42 labeled examples and plot
the active learning convergence profilg,( refer Equation 1). Similarly, we measusg, as the
interactive feature selection convergence profile. Fi@upéots the quantity, ;s — p,, for all 358
problems benchmarked in this work. The improvement in sgieedto the incorporation of term
feedback in addition to document feedback is inverselytedidao feature complexity as seen in
Figure 8 (r =-0.65). Speed is improved by about 57% on average

Thefaculty class in WebKB shows significant improvement in speed (sgar€i8). For this
problem, the keywordfaculty andprofessorare sufficient to obtain 93% of the maximum achiev-
able accuracy (90.05% F1). Both these terms appear forreeédedback within the first five
iterations in all 30 trials. Similarly, for the Enron corpume of the folders is almost completely
classified by the sender of the e-ma&ililson Shongsome other folders also contain some e-mails
by Wilson Shona The algorithm recommends his e-mail id for feedback indhgy iterations,
resulting in significant improvements in performance. Thiecellaneougsategory in the BNC
corpus does not gain from term feedback whegegés/cultural materialdoes, because of discrim-
inatory keywords likeopera, actor or theaterin the latter category, which when marked relevant
improve performance significantly. There are a couple ofienst like the RCV1 categorye-
serves for which speed decreases by a large amount when term feledbancluded. This may
have occurred because a fixed scaling factor of 10 for theteeléeatures is used to bias the linear
classifier (SVM) learning algorithm. This may not be appraia for every problem. An interest-
ing question is whether there are more robust methods fangskd taking feature feedback into
account.

We also note that some problems can be too easy (very lowréeatumplexity), and simple
active learning and possibly even plain random samplingléifs skew is not an issue) may have
adequate speed.
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complexity ).

We report the performance (F1) for 9 corpora in Table 6.%raft and32 rounds of document
feedback using traditional active learning and 12 roundstefactive feature selection. Interactive
feature selection always improves performance over atgaming with only 12 documents. It is
significantly better thaB2 actively sampled documents for five of eight cases. The oatgin
the BNC corpus are by genre and this result can be interprptid intuitively: for categories
like "prose” and "poetry” even intuitively it does not seerke any keywords can capture these
concepts.

In this section we used our difficulty measures to better tstded situations when feature
feedback methods during active learning might be espgaiakful. We observed that, in linear
classifier learning problems, feature feedback accekeeattive learning by an amount that is in-
versely related to the feature complexity of the problenr.|&@- to mid-range feature complexity
problems, revealing to the learning algorithm those festtinat are most important can focus the
active learning better in the selection of documents tollabd in computing the weights for fea-
tures that matter most. In such cases, a few training doctsnoembined with feature feedback
can result in substantial improvement in accuracy witkeligdditional labeled data. We find that
many problems in our 9 corpora fall in a low to medium rangearfiplexity 0 < C; < 2), and
stand to gain from such a dual feedback framework. Automatedil foldering is an example
domain that may have many relatively low complexity probdem

Future work in this direction includes using these or simii@asures to explain other observa-
tions, such as when semi-supervised techniques may or ntayomnk well. 1t may also be fruitful
to explore methods for predicting the expected difficultyadkarning problem at the beginning
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Corpus | Cf Only docs IFS
(Active)
12 docs| 32 docs
Tech100| 0.20| 0.486 | 0.594 | 0.847
WebKB | 0.51| 0.262 | 0.424 | 0.520
Reuters| 0.69| 0.516 | 0.570 | 0.651
Enron | 1.18| 0.218 | 0.444 | 0.465
TDT3 | 1.34| 0.202 | 0.259 | 0.336
Industry | 1.77| 0.071 | 0.123 | 0.199
RCvV1l | 1.81| 0.134 | 0.260 | 0.231
20NG | 2.32| 0.180 | 0.259 | 0.336
BNC | 2.97| 0.209 | 0.332 | 0.264

Table 5: Improvement in F1 for corpora of different levelgddficulty. Numbers in bold indicate
that InterActive Feature Selection is significantly bettean when only documents are used for
feedback. Numbers in italics indicate significantly lowerfprmance than the case whén= 32.

stages of training (when limited labeled data is availablt)js can inform the subsequent learning
strategy taken.

7 Related Work and Discussion

The classic “curse of dimensionality” informally stateattkhe higher the dimension of the prob-
lem, the harder the problem (in this case, learning). Howee work goes beyond that and tries
to measure the inherent complexity of the problem. A largeettisional learning problem may be
easy if only a few features are required for learning it. Wavghere that actively picked examples
reveal the complexity better, and we relate this to measafriEsature complexity as well.

Ho and Basu [22] defined a set of measures that captured theledty of the geometry of
the boundary for a few artificial and real binary classificatproblems of low dimensionality. In
comparison, our work is in the domain of text classificatismere a linear hyperplane is often
effective in making the geometry of the boundary less of angs We experimented with one
of their measures of feature complexity, maximum Fishecrdisinant ratio, to find that it did not
correlate as well witli,,. (r = 0.2). We also measured haot,. correlated with maximum accuracy
and found the correlation to be not very high (r=0.4).

The difficulty in domains such as text is that relatively lagnounts of training data (hundreds
or thousands) may be needed to converge to the optimal hgperp/Ne note that linear classifiers
do well on a number of challenging high-dimensional reald/problems, for example, in natural
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language and visione(g, [49, 50]). For other domains where active learning is used, (55])
but where the classifier is not linear it is less clear whethercomplexity measures can directly
be used. In our approach, to measure the (instance or fgaturglexity of a problem, given the
accuracy achieved on the whole training set is deemed atulepbr given a certain accuracy level
of interest, the crucial aspect becomes the techniquesfoséghture subset selection or instance
subset selection. If the selection methods are effectiapproximately capturing the number of
instances and features required, the complexity scoresnaat would be adequate. The goal is to
say, for example, that two problems that have 9 and 10 instaamplexities#;) are somewhat
similar in difficulty, while a problem with instance complgxof 6 is significantly easier.

In our experiments, we made the assumption that near bastaaycis achieved when all the
features are available to the learner, when robust leasuets as well-regularized SVMs are used
(and when training data is substantial). In these settifeggure selection is primarily used to
reduce the training time or the space complexity of the legrsystem (or both). For instance,
[18] performs an extensive study of feature ordering meshaging linear SVMs, and the perfor-
mance plots show that the optimal accuracies (F-measuhéd\ac are the same or close (less
than 5% difference overall) compared to when all the featare used for almost all feature or-
dering methods that were tried, in particular informatiamng Only for one ordering method, the
proposed BNS method, the performance dips somewhat whémeaiéatures are used for some
problems. Forman concludes that it is difficult to beat théquenance of SVM trained on all the
available features. There were cases for which the propBb&ifeature ordering could at times
beat learning under all the features, in particular for hilgiss skews (minority classes) [18]In
later work, it was observed that with improved vector repregation (feature value scaling using
BNS), feature subset selection did not improve accuracy [\@ note that for some other learn-
ing methods, such as Naive Bayes or nearest neighborscigxgditure selection can substantially
improve accuracyd.g, [60]), although it was found later that well-regularizedN\s are superior
and may not require explicit feature selection for accuraggrovements, unlike nearest neigh-
bors and Naive Baye®(qg, [59]). As mentioned previously, in our experiments, wedusegrams
as features (up to 3-grams) only if accuracy improved, angpuid rare features (with frequency
below 5). There are other feature selection methods, suahigggpper-based methods.§, [28]).

In text, with very high dimensionality, such methods tendézome too costly, anfilter-based
methods are preferree.g, [18, 60]).

Debole and Sebastiani [16] studied the difficulty of threesians of the Reuters-21578 cor-
pus that are commonly used in publications. Their focus waseasuring accuracy, in particular
macro and micro accuracy measures. They found that theovess used (smallest, including only
top 10 classes) was somewhat easier in micro-average agqeegormance than the versions that
included approximately 90 or more classes (but with margtiredly small classes). [14] devel-

n that work, experimentation with different regularizatiparameters for SVM training was not performed (but
the findings roughly remain the same when using differentlegization parameters as well (private communication
with the author)). We also note that we report on MaxF1 ratiem F1, to lower the effects of poor threshold selection,
especially problematic with few instances or minority skes
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oped a benchmark data set consisting of 100 text-classuircptoblems with varying difficulty
(accuracy ranging from 0.6 to 0.92). They also developedsomes for predicting the difficulty of
a problem, but this was in terms of its accuracy. Insteadfaaus is on understanding how many
features or examples are needed to achieve the maximumnaagcur fact their data set, Tech-100,
is the easiest data set according to our feature and instameplexity measures, and illustrates
the fact that difficulty in terms of accuracy value is diffietérom difficulty in terms of sample size
or feature size requirements.

Previous work has noted the “low feature complexity” of gewbs in some of the commonly
used data sete(qg, [5, 24, 23]). For instance, [23] observes that many proklemcommonly
used UCI (low-dimensional) data sets, at that time, can paicad by simple rules. Our work is an
attempt to quantify past observations, in particular irhhigmensional problems such as text. We
investigate both feature complexity and instance compleaind their relationship, and benchmark
many standard text classification data sets. As our meagndgo be over estimates, given that
the accuracy levels reached are acceptable, our conciuisame a one sided aspect: problems that
we find relatively easy are easy, while problems that we fiffiicdit may turn out to be easy if
other methods are used.

Relationship to Number of SVs
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Figure 9: Relationship af’; to the number of support vectors.

Other measures of complexity may exhibit similar propserti€&abrilovich and Markovtich
[20] defined a feature complexity measure catbedier countthat attempts to capture the number
of important features for a given learning problem. The arglused outlier count to characterize
problems for which decision trees are more accurate than<§# latter being the main thrust of
their work. The work here on the other hand is an in-depthyaimbf complexity — both feature
and instance. We experimented with outlier count, findireg thcorrelates with instance com-
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plexity (,.) reasonably well (r=0.610), as do our feature complexitasuees. Another candidate
measure that might correlate well with instance or featammexity is the number of support
vectors when SVM learning is used. One advantage of thisuneas efficiency, as only a single
training step is required for each problem, and very fastratigms for linear SVM training have
been developed recentlg.g, [11]). A potential shortcoming (in addition to being lirad to SVM
learning) is that the number of support vectors on the boyrdeobtain the best accuracy may be
unnecessarily highe(g, because of nearly identical instances), while effecteledive sampling
may attain adequate accuracy with substantially feweamsts. Still, strong correlation may ex-
ist. We performed a small experiment on the newsgroup andeRe@1578 data sets to compare
the number of support vectors used in the linear SVM classifieeach classification problem to
our instance complexity measur€sandn;. We find a strong correlatiori).754, p < 0.05, when

C; is correlated against the number of support vectors, asrsihoWwigure 9.n; also had a strong
correlation 0f0.89 to the log number of support vectors, ané2 to the number of support vectors.
Probably no method is best in every scenario, but it is primgit see that a number of measures
have significant positive correlation with one another oresa problems.

7.1 Other Factors

Capturing the exact underlying complexity relates to maximcompression of a given string and
is intractable. Thus, the subject of this work was to explbwe utility of our approximate and
relative measures, which depends on a number of factorkding the choice of features and
the learning algorithm, as well as our chosen instance aatdre selection techniques (see also
Section 5.2.3). We reported comparisons in the choice ofdaming algorithm and instance
selection and feature selection methods. In general, hewvdifferent learning algorithms may
have close but still different accuracies, and the additiba single feature or a class of features
can render a very hard learning problem trivial.

There are other potentially relevant factors to complettigt we have not used, including the
average length of documents, the size of the feature/¢égtdnd the proportion of the positive
documents (for a given class) in the corpus. With our use fatearning for instance selection
and information gain for feature selection, and our focusaughly measuring complexity, these
aspects are probably less influential, although this reguirrther study.

We aimed to measure rough complexity, useful for tasks sa@omparing and ranking prob-
lems. Furthermore, our complexity measures are based dogaethmic scale, akin to the Richter
scale. Intuitively, the same fixed absolute difference js#lye number of instances, loses its signif-
icance as the number of instances required for learningasas. The logarithmic scale captures
increases in theelative size requirements, which we expect is more appropriate. askicted
ourselves to text classification and provided evidence thighin this boundary, the measures are
useful.

Blum and Langley [6] provide good motivation in introdugtito this work. They discuss the
problem of selecting relevant examples and relevant featas two ways of gathering relevant
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information in a data set. They formally define the relevaoiceatures and examples, and sug-
gest using relevance as a measure of complexity. Their vegrkawever, theoretical and their
definitions apply for classes that can be completely desdribe., 100 % accuracy is achieved) by
some conjunction or disjunction of features. Real-worldgbems like text classification are not
so simple and it is not clear how their measures may be usedbiatily complexity for real-world
problems. They conclude their paper by stating the follgpampirical challenge

Feature selection and example selection are tasks thattedenintimately related
and we need more studies designed to help understand antifgjtiais relationship.
Much of the empirical work on example selection has dealhwaiv-dimensional
spaces, yet this approach clearly holds even greater jadtémt domains involving
many irrelevant features. Resolving basic issues of thigasomises to keep the field
of machine learning occupied for many years to come.

Our work addresses some of the questions raised in their.pAjeelefine measures that can be
computed fairly easily on real-world text classificatiomlplems where linear classifier learning
algorithms are successful, and demonstrate that instamoelexity and feature complexity are
highly positively correlated on the problems we tested.

8 Summary

Designing adequate empirical measures of learning difficsila balancing act between efficiency
and utility. Such measures are necessarily relative to ioéces made, including the choice of
learning algorithm(s) as well as feature or instance subsettion methods. The approach ex-
plored here is relatively simple, and in principle applieato different learning problems. The
methods used are relatively efficient, and we presentecerealthat they are useful in the do-
main of text classification, when robust linear learningoalipms are used. We obtained rough
but useful measures of difficulty, leading to a fairly cotesig ranking of problems, and exhibiting
explanatory power, for example, in explaining the exterberfefit from feature feedback during
active learning. In particular, we observed a high positwgelation between the instance com-
plexity and feature complexity measures, indicating thaytapproximate the inherent complexity
well. We benchmarked 9 corpora and 358 problems and useed theasures to gain insights on
the relative difficulty of a variety of text classificationglnlems and domains. Our measures also
capture how difficulty can be different even within a corpepending on the type of classes (say
subject or event) that one is trying to learn. We found thabf@ms with low to medium feature
complexity stand to benefit most from feature feedback, aadee that many experimental prob-
lems, such as email categorization, fall in this range @&bhnd Figure 8). This has encouraging
implications for the use of active learning with featuredieack for real-world filtering and email
classification problems.
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We hope that our analyses and domain rankings would serv&fdam future research, for
example in selecting corpora and anticipating resultsufeuvork includes extending these mea-
sures and exploring other factors that may help furtheraerifficulty and variations in learning
performance. Candidate factors include the proportionositive instances and the dependency
patterns among the features. It would also be useful to sliffigulty measures in other learning
problems and domains.

We note that our measures serve primarily for understanalirexplaining learning behavior,
such as convergence. Currently, they cannot be used tocpiaminplexity on a new problem
with no or few labeled instances. Suptedictionof complexity appears to be a difficult if not an
unsolvable task, unless real-world problems turn out tsfyalhelpful properties. Given that we
do not know at the outset how to predict whether a conceptiisggio be easy or difficult, and
assuming that the teacher has prior knowledge on featutasgdam learning approach that mixes
both feature and instance feedback may be the best gengnalaap for accelerated learning,
especially in the early stage of learning.
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